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Williams (1988) and Schmugge and Jackson (1996) , among others, point out that "the apparent 20 2008). The instrument measures non-invasively while suspended over the soil (McNeill, 1980) .
randomness sometimes observed for hydrologic variables is largely a consequence of using point

26
The 1.4 m long instrument has a transmitter coil at one end and a receiver coil at the other end.
27
Magnetic field loops are generated by the transmitter and penetrate into the soil to a depth orientation is strongly weighted to the surface and we used this data in our research. The primary 5 magnetic field creates current loops in the soil, which in turn induce a secondary magnetic field.
6
The receiver coil measures both the primary and secondary magnetic fields. Therefore the EC a 7 can be determined from the ratio of the primary and secondary magnetic fields under the 
11
The Dualem-1S was used to collect geo-referenced soil EC a measurements non- canopies, enabling spatial measurement in these savanna ecosystems. GPS data was collected in
20
Latitude and Longitude format using the WGS84 reference, which were later converted to UTM 21 coordinates using spreadsheet software (Dutch, 2010).
22
We conducted 9 surveys across a 4 ha field site, over a period of six months, during 23 which time we followed the catchments wetting after the dry Mediterranean summer. EMI collection. We found that following the dry summer the soils were too hard for routine TDR 10 probe insertion. We had to wait until the soil wetted thoroughly, in January/February before we conductivity. We estimated the areal mean EC e and porosity from a set of soil measurements 22 from across the catchment. We adopted a random sampling design and collected 64 soil samples 23 which were analyzed for solution EC w using a 2:1 dilution, EC e was estimated from this by 
Ground conductivity modeling and geostatistics
Electrical conductivity measurements applied to the determination of EC a are reviewed in Quality assurance and quality control (QA/QC) procedures were applied to the EMI data 3 collected. The EC a measurements were downloaded to a spreadsheet and checked for quality. In 4 the spreadsheet the data can be plotted as a time-series to identify EC a outliers, and to remove 5 multiple data collected at the same location while the surveyor took a break. Some outliers were 6 identified, which were associated with metallic litter that had found its way into the catchment.
7
By examining the GPS speed any extra measurements can be removed from the data when the 8 mapper was stationary.
9
Following these QA/QC procedures the data was analyzed using geostatistics to perform 10 interpolation, and simulation of uncertainty. The EC a data collected was mostly skewed giving a 11 lognormal appearance which is common for soils. Statistical analysis of nine kriged EC a maps were conducted using correlation analysis 1 and temporal or rank stability procedure described by Vachaud et al. (1985) , to compare all the 2 data, the dry (sept 27, Oct 4, Oct 22) and the wet (Jan 6, Jan 10, Feb 22) with the hygroscopic 3 water content data. In this procedure the difference Δ ij of each individual observation S ij to the 4 average j S for the respective sampling time j is calculated with:
And the relative difference is calculated by:
For each sampling location an average relative difference ij  is calculated by: that could be compared against the hygroscopic water values.
13
Catchment topography was determined by using the altitude measured using the GPS 14 receiver. Five of the surveys, with consistent data, were chosen for analysis. Each dataset was 15 interpolated using the normal score/ simple kriging approach described. The average altitude was 16 determined for each data set; four of the data sets were then corrected to the data set with the 
Soil wetness index
23
In modeling approaches, the spatial distribution of soil moisture is often assumed to was so dry that removal from the field to the laboratory actually increased the water content 18 through the adsorption of hygroscopic water from the more humid laboratory atmosphere.
19
Rainfall events increased in magnitude and frequency during the fall, but it wasn't until late 20 December that the more significant storm events occurred. The first stream-flow was observed in 21 the catchment after the rainfall on January 4 th and 5 th . Flow was then maintained, and continued Figure 2C shows the histograms for the EC a data and a occurs at the beginning of January, consistent with the large storm event. Bimodal peaks are 1 observable in all the histograms apart from the first two in September and early October. The 2 bimodal peaks gradually move apart until early January, when they completely separate into two 3 distinct distributions. The transition at the beginning of January is also marked by the reduction 4 in correlation between the EC a response surfaces before the January wetting and after (Table 1) . the response surfaces to >0.9. The correlation between the wet response surfaces collected after Table   27 1); we observed low correlation when the soil was dry and the strongest correlation (r 2 ~0.5) 28 when the soil was wet. We also analyzed the hygroscopic water content results with the 29 combined EC a response surface, determined using the rank stability of all the data (r 2 = 0.5), the 30 first 3 dry EC a response surfaces (r 2 = 0.24) and final 3 wet surfaces (r 2 = 0.54), again showing the stronger correlation of texture with wet soil. Given the consistency in the correlation, there is 1 no case for multiple mapping being any better than a single map at field capacity for determining 2 soil texture, primarily because the critical parameter is water content, as expected, the largest 3 contrast in electrical response is found approaching saturation.
4
A comprehensive measurement campaign was conducted on February 28 th , when the 5 catchment was imaged using EMI and simultaneous point measurements were obtained using a 6 mobile TDR system. Prior to January the soil had been too hard for routine TDR measurement, and it wasn't until the soil became softer that the EMI/TDR comparison became feasible; this is 8 always an issue using insertion measurement techniques such as TDR. We measured volumetric 9 water content and EC a using TDR and at the same time another surveyor measured EC a using 10 EMI; the results are compared in Figure 4 . In addition, the EC a response surfaces obtained for (Fig 5D) corresponds with the interpolated EMI data (Fig   30   5B) ; as does the simulated TDR VWC (Fig 5E) with the interpolated TDR data (Fig 5C) . SGs is then used to determine the uncertainty in terms of a standard deviation ( Fig. 5F and G) and the 1 signal to noise ratio is determined and presented (SNR: mean over the standard deviation). One Table   24 1) indicate that moisture and texture are most highly correlated when the soil is wet, but not proportions of the catchment that have low convergence and high soil moisture. This is 10 particularly noticeable in zone A for instance, where the increased soil moisture was observed to 11 occur due to subsurface clay bands, and thus was texture controlled.
13
Discussion
14
The use of geophysical techniques in soil science has provided us with a fast and cost- at different scales. More-over, whether geophysical data can be utilized to determine when 15 macro-pores might be full and active contributing to catchment response.
16
With reference to catchment hydrological processes, the results presented in this work of the EMI EC a histogram that switches between Jan 1 st and Jan 6 th . Our interpretation is that this 28 is consistent with a switch in moisture states from local control to non-local control. The heavy 29 rain was observed to cause lateral and overland flow, as well as initiating stream flow. Sadly the data set doesn't extend further as it would have been interesting to examine whether there was a 1 gradual change back in the shape of the histogram, or another sudden switch as the soil dried.
2
With reference to figure 8, our data also support the assertion, that terrain is not the only 3 control over moisture patterns, and that the moisture patterns (Fig. 8C) do not simply mirror the 4 wetness index (Fig. 8B ). This agrees with the work presented by Wilson et al., (2005) that 5 showed that prediction of soil moisture in their data sets was poor, based on terrain alone. They 6 found that incorporation of residual data, which acts as a surrogate for spatially persistent 7 patterns, potentially related to soil and vegetation type, plus an error term with the terrain data,
8
gave the best estimate of soil moisture. surfaces correlate the best with soil texture, dry images correlate poorly.
17
Data collected using the EMI supports the concept of preferred soil moisture states, estimation from raw data (EMI raw) and from ii) the differencing approach (EMI diff). 
